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Stochastic Gradient	Descent

• Gradient	Descent:

– In	which

• Stochastic Gradient	Descent:
– Pick	an	example xr
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Stochastic Gradient	Descent

• Mini-batch	Gradient	Descent:
– Pick	B	examples as a	batch b
– B	is the batch size

• Mini-batch	Gradient	Descent is faster than Stochastic
Gradient	Descent
– Less updates
– Better parallelization

• Important: Shuffle	the data after	each epoch
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Challenges of Gradient	Descent
• Depending on	the intialization points,	we
will	obtain different	models and therefore
different	results
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Initialization	Methods

• Uniform	Distribution
• Normal	Distribution
• Xavier	or	Glorot methods	- 2010
– Either	using	uniform	or	normal	distribution

• Kaiming or	He	methods	– 2015
– Either	using	uniform	or	normal	distribution
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Uniform	or	Normal	Distribution

• Uniform
– Values	are	drawn	from	a	uniform	distribution	U(a,b)
– a	is	lower	bound,	e.g.	0	and	
b	is	the	upper	bound,	e.g.	1

• Normal	
– Values	are	drawn	from	a	normal	distribution	
N(mean,	std2)

– mean	is	the	mean	value,	e.g.	0	
and	std is	the	standard	deviation,	e.g.	1
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Xavier	or	Glorot Methods

• Understanding	the	difficulty	of	training	deep	
feedforward	neural	networks,	Xavier	Glorot and	Yoshua
Bengio,	2010

• Uniform:
– Values	are	drawn	from	a	uniform	distribution	U(-a,a)

𝑎 = 𝑔𝑎𝑖𝑛	.
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• Normal:
– Values	are	drawn	from	a	normal	distribution	N(0,	std2)

𝑠𝑡𝑑	 = 𝑔𝑎𝑖𝑛	.
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Kaiming or	He	Methods

• Delving Deep into Rectifiers:
Surpassing Human-Level	Performance	on	ImageNet
Classification,	Kaiming He	et	al	2015

• Uniform:
– Values	are	drawn	from	a	uniform	distribution	U(-b,b)

b = 𝑔𝑎𝑖𝑛	.
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• Normal:
– Values	are	drawn	from	a	normal	distribution	N(0,	std2)

𝑠𝑡𝑑	 = 𝑔𝑎𝑖𝑛	.
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Kaiming or	He	Methods

• Delving Deep into Rectifiers:
Surpassing Human-Level	Performance	on	ImageNet
Classification,	Kaiming He	et	al	2015
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Why	Kaiming or	He	Methods?

• We	want	that	the	variance	of	the	input	is	equal	to	
the	variance	of	the	output	independent	from	the	
layer

𝑉𝑎𝑟 𝑧= = 𝑉𝑎𝑟(𝑥)
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Why	Kaiming or	He	Methods?
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Why	Kaiming or	He	Methods?

• 𝑧* = 	𝑊*,C	𝑎C +𝑊*,D	𝑎D +	…+𝑊*,+	𝑎+ + 𝑏*
• 𝑉𝑎𝑟 𝑧* = 𝑉𝑎𝑟 𝑊*,C	𝑎C + ⋯𝑊*,+	𝑎+ + 	𝑏*
= 𝑛	 ∗ 𝑉𝑎𝑟 𝑊*,I	𝑎I
= 𝑛	 ∗ 𝑉𝑎𝑟 𝑊*,I	 	𝑉𝑎𝑟 𝑎I + 𝐸 𝑊*,I	

D𝑉𝑎𝑟 𝑎I
+ 𝑉𝑎𝑟 𝑊*,I	 𝐸 𝑎I

D

= 𝑛	 ∗ 𝑉𝑎𝑟 𝑊*,I	 	𝑉𝑎𝑟 𝑎I + 𝑉𝑎𝑟 𝑊*,I	 𝐸 𝑎I
D

= 𝑛 ∗ (𝑉𝑎𝑟 𝑊*,I	 	 ∗ (𝑉𝑎𝑟 𝑎I + 𝐸 𝑎I
D)

= 	𝑛 ∗ 𝑉𝑎𝑟 𝑊*,I	 *	𝐸(𝑎ID)
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Why	Kaiming or	He	Methods?

• E(𝑎D) = 	∫ 𝑎D𝑃 𝑎 𝑑𝑎N
ON

= P max	(0, 𝑧)D𝑃 𝑧 𝑑𝑧
N

ON

= P zD𝑃 𝑧 𝑑𝑧
N

V

= 0.5	 ∗ P zD𝑃 𝑧 𝑑𝑧
N

ON
= 0.5	 ∗ 𝐸 𝑧D = 0.5	 ∗ 𝑉𝑎𝑟(𝑧)
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Why	Kaiming or	He	Methods?

• 𝑉𝑎𝑟 𝑧I= = 0.5	 ∗ 	𝑛 ∗ 𝑉𝑎𝑟 𝑊	*,I
= *	𝑉𝑎𝑟 𝑧I=OC

• 𝑉𝑎𝑟 𝑧= = 0.5	 ∗ 	𝑛 ∗ 𝑉𝑎𝑟 𝑊= *	𝑉𝑎𝑟 𝑧=OC 	

𝑉𝑎𝑟 𝑧= = 𝑉𝑎𝑟 𝑥 \
𝑛=

2 𝑉𝑎𝑟 𝑊
=

=

=]D
𝑉𝑎𝑟 𝑧= = 𝑉𝑎𝑟 𝑥 	 only	if	

∏ +_

D
𝑉𝑎𝑟 𝑊==

=]D = 1,	i.e.	+
_

D
Var 𝑊= = 1
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